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New Ensemble Constructor Based on Locality Preserving Projection for High Dimensional Clustering

ZHOU Jing-bo YIN Jun JIN Zhong

(School of Computer Science and Technology, Nanjing University of Science and Technology,Nanjing 210094, China)

Abstract This paper studied how to construct cluster ensembles for high dimensional data and proposed a new ensem-
ble constructor. To ameliorate the effect caused by high dimensionality, the proposed method used Locality Preserving
Projections(LLPP) to reduce the dimensionality before constructing ensembles. Then constructed ensembles based on
random projection combined with K means in LPP subspace. Finally, we discussed how to choose the dimensionality of
LPP subspace. The experiments show that ensembles generated by new algorithms perform better than those by Princi-
pal Component Analysis with subsampling(PCASS) and simple Random Projection(RP) that was proposed before.
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